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Medicare Part D pharmaceutical expenditures have nearly doubled since 2010,
exceeding 145 billion dollars annually by 2023. Specialty biologics and GLP-1
receptor agonists drive much of this growth, while biosimilar adoption remains
inconsistent despite regulatory approval and clinical equivalence to reference
products. Traditional payer interventions such as formulary tiering and utilizati
management fail to account for prescriber-level heterogeneity, geographic
concentration of savings opportunities, and the dynamic interaction between pla
design and adoption behavior.

This essay proposes a novel intelligence platform built entirely on publicly avail
CMS datasets. By harmonizing the Part D Prescriber Public Use File, quarterly 
D Formulary Reference Files, monthly Medicare Advantage and Part D enrollme
reports, Part D Spending by Drug summaries, and Medicare Shared Savings Prog
ACO performance data, the platform can identify specific prescribers with low
biosimilar adoption, quantify formulary friction that impedes switching, simulat
financial impact of policy interventions, and prioritize outreach efforts by expect
return on investment. The business model targets Medicare Advantage plans,
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standalone Part D sponsors, pharmacy benefit managers, and accountable care
organizations through SaaS subscriptions and savings-based contracts. An MVP
focusing on three high-impact molecules across ten counties can validate the
approach within eight to ten weeks. Beyond immediate commercial viability, thi
framework demonstrates that transparent government data can power the next
generation of health technology enterprises.

Medicare Part D stands as both a policy triumph and a fiscal pressure point. Sin
2006 implementation, the program has expanded prescription drug access to mo
than 49 million beneficiaries, creating one of the world's largest pharmaceutical 
pools. Yet this success carries escalating costs. Between 2010 and 2023, Part D g
expenditures climbed from approximately 77 billion dollars to over 145 billion
dollars, according to CMS annual expenditure reports. Specialty drugs, which
constituted less than fifteen percent of total spending a decade ago, now consum
nearly half the budget. Biologics for oncology, immunology, and ophthalmology
account for much of this increase, while GLP-1 receptor agonists like semaglutid
tirzepatide have created explosive demand growth given their expanded indicatio
from diabetes management to obesity treatment.

Biosimilars were intended to function as market-based cost controls. When
blockbuster biologics like adalimumab or trastuzumab lose exclusivity, biosimila
offer clinically equivalent alternatives at lower acquisition costs. Theory suggest
that competition would drive rapid adoption and generate billions in savings. Re
has proven more complex. The 2023 launch of multiple adalimumab biosimilars
provides instructive evidence. Despite regulatory approval and demonstrated
bioequivalence, reference product Humira retained substantial market share thr
the first year post-launch. Formulary positioning favoring the originator product
to rebate structures, prescriber reluctance to switch stable patients, and patient
confusion at the pharmacy counter all contributed to slower-than-anticipated up
The Part D Prescriber Public Use File from 2023 reveals dramatic geographic an
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specialty-specific variation in biosimilar adoption rates, with some rheumatologi
approaching eighty percent biosimilar prescribing while peers in comparable ma
remain below ten percent.

Traditional payer strategies have proven necessary but insufficient. Formulary ti
places biosimilars on lower copayment tiers to create financial incentives for pat
and prescribers. Prior authorization and step therapy programs require trial of
preferred agents before allowing access to more expensive alternatives. Pharmac
networks restrict dispensing locations to drive volume to specific channels. Thes
mechanisms represent blunt instruments. They operate at the plan level rather t
targeting specific prescribers or practice patterns. They fail to identify which
rheumatologists resist biosimilar adoption despite clinical guidelines supporting
interchangeability. They cannot quantify which formulary designs inadvertently
create friction that deters switching despite lower patient cost-sharing. They lac
granularity to determine which counties concentrate enough enrolled lives to jus
intensive intervention campaigns.

The consequence is billions in unrealized savings. Each percentage point of bios
market share that fails to materialize translates to tens of millions in avoidable
spending across the Medicare program. For individual plans, the stakes are equa
high. A Medicare Advantage plan with one hundred thousand enrollees and typi
biologic utilization patterns leaves millions of dollars on the table annually throu
suboptimal biosimilar adoption. Pharmacy benefit managers struggle to demons
value to plan sponsors when biosimilar uptake lags projections. Accountable car
organizations under shared savings arrangements forfeit bonuses when attribute
beneficiaries consume high-cost reference biologics despite cheaper alternatives

This essay argues that the foundation for a solution already exists within the pub
domain. The Centers for Medicare and Medicaid Services maintains an extensive
data program that publishes granular information on prescriber behavior, plan
formulary design, enrollment distribution, and drug spending patterns. While th
datasets are often dismissed as retrospective, aggregate, or insufficiently timely,
careful integration reveals actionable intelligence. The Part D Prescriber file pro
annual NPI-level prescribing patterns across thousands of drugs. The quarterly



Formulary Reference Files detail tier placement and utilization management
restrictions for every plan-drug combination. Monthly enrollment reports show
geographic distribution of covered lives down to the county level. National spen
summaries prioritize molecules by financial impact. ACO performance files link
prescribers to value-based organizations with aligned cost containment incentiv

The key insight is that these datasets are linkable. National Provider Identifiers
connect prescribers to their prescribing patterns. Contract and plan identificatio
codes connect formulary designs to enrollment counts. Federal Information
Processing Standards county codes connect plans to prescribers and beneficiarie
When harmonized through standard crosswalks such as RxNorm for drug mappi
and FIPS for geography, these files enable analysis at the precise intersection wh
operational decisions occur: the prescriber by plan by drug by county level.

This essay proposes building an intelligence platform that operationalizes CMS
public data into a predictive and simulation engine for biosimilar and high-cost 
switching opportunities. The platform would identify prescribers with low biosi
adoption relative to specialty peers, quantify formulary friction that impedes up
simulate financial impact of specific policy interventions, and prioritize outreach
efforts by expected savings per unit of effort. Target customers include Medicare
Advantage plans, standalone Part D sponsors, pharmacy benefit managers, and
accountable care organizations. Monetization models span SaaS subscriptions ba
on covered lives, savings-based contracts tied to avoided drug costs, and advisory
services leveraging platform analytics.

The argument proceeds in several stages. First, I examine each critical CMS data
detail, explaining its structure, utility, and limitations. Second, I develop an anal
framework encompassing prescriber adoption curves, propensity modeling, form
friction indices, scenario forecasting, and ACO integration. Third, I propose a pr
architecture spanning data ingestion, normalization, analytical engines, and deli
mechanisms. Fourth, I outline business model options and go-to-market strategi
Fifth, I specify an MVP scope and development roadmap. Sixth, I address risks,
challenges, and compliance requirements. Finally, I consider broader strategic



implications for health technology entrepreneurship in an era of open governme
data.

The CMS data ecosystem is vast and complex, but five datasets provide the core
foundation for a biosimilar and drug-switching intelligence platform. Understan
each source's structure, refresh cadence, and analytic potential is essential for
effective utilization.

This annual public use file represents the most granular prescriber-level prescri
data available in the United States. For each National Provider Identifier, the file
claim counts, unique beneficiaries, day supply, and total costs for every drug
prescribed with sufficient volume to avoid suppression. The 2024 release coverin
2023 prescribing patterns was published in April 2025, reflecting the typical one
lag between service delivery and data availability.

The dataset's analytic utility is substantial. It enables identification of prescribe
who disproportionately favor reference biologics over biosimilar alternatives. Fo
example, comparing two rheumatologists in the same county who both prescribe
adalimumab extensively, one may show eighty percent biosimilar claims while th
other shows less than five percent. This variation occurs despite identical access
clinical evidence supporting interchangeability. The file supports peer benchma
by calculating z-scores for biosimilar adoption rates normalized by specialty and
geography. It allows construction of adoption curves showing how prescriber be
evolved following biosimilar launches. It provides the raw material for back-test
interventions by comparing prescribers who were targeted with educational outr
to similar prescribers who were not.

Limitations must be acknowledged. The one-year lag means the data describes
historical behavior rather than current prescribing. Suppression rules mask
combinations with fewer than eleven claims or eleven beneficiaries, creating gap
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low-volume prescribers or rare drugs. The file lacks patient-level detail, prevent
direct risk adjustment for clinical complexity or socioeconomic factors. Panel
characteristics must be inferred indirectly through geographic and specialty pro
Despite these constraints, the Prescriber file remains unmatched for its combina
of breadth, depth, and public accessibility.

Published quarterly, these files describe coverage rules for every contract-plan-d
combination in Medicare Part D. For each plan, the data specifies whether a dru
covered, which tier it occupies, and what utilization management restrictions ap
Prior authorization requirements, step therapy mandates, and quantity limits ar
flagged categorically. The files also detail pharmacy network configurations, thou
with less granularity than proprietary PBM data sources.

The formulary files enable quantification of what I term formulary friction: the d
to which plan design creates barriers to biosimilar adoption relative to reference
biologics. Consider a scenario where Plan A places an adalimumab biosimilar on
two with no prior authorization while the reference product sits on tier three wi
step therapy, versus Plan B which places both on tier two with no restrictions. P
exhibits low friction encouraging biosimilar uptake, while Plan B maintains
neutrality. A third plan placing the biosimilar on tier three with prior authorizat
while keeping the reference on tier two would demonstrate high friction actively
discouraging biosimilar use despite presumably lower net costs.

These files support competitive positioning analysis. Within a single county, mu
plans compete for enrollment. Comparing their formulary designs reveals which
create advantageous or disadvantageous conditions for biosimilar adoption. The 
enable scenario modeling of policy interventions. If a plan considers moving a
biosimilar from tier three to tier two and eliminating prior authorization, histor
data from other plans that maintain more favorable positioning can inform adop
elasticity estimates.

Part D Formulary and Pharmacy Netwo

Reference Files



Limitations center on execution fidelity. The files capture plan policies as writte
as implemented at the point of sale. A plan may waive prior authorization more
liberally than policy suggests, or pharmacy systems may introduce friction not
reflected in official rules. Utilization management detail is categorical rather tha
procedural, obscuring nuances like auto-approval criteria or medical necessity
definitions. Network breadth is described but not characterized by fill rates or
beneficiary proximity. Nevertheless, the formulary files provide the most
comprehensive public view of plan-level drug coverage policy in Medicare.

This enrollment file, updated monthly, reports covered lives for every contract-p
combination disaggregated to the state-county level. The September 2025 file sh
current enrollment distribution across the entire Medicare Advantage and stand
Part D landscape. Unlike the annual Prescriber file, monthly updates enable nea
real-time tracking of enrollment shifts as beneficiaries switch plans during annu
election periods or special enrollment events.

The enrollment data serves a critical role in translating prescriber adoption patt
and formulary friction scores into dollarized opportunity estimates. Consider a c
where prescriber analysis reveals substantial biosimilar underutilization and
formulary analysis shows several large plans maintain high-friction designs. The
enrollment file quantifies how many beneficiaries would be affected by intervent
A plan with fifty thousand enrollees in that county represents a fundamentally
different scale opportunity than one with five thousand enrollees, even if the rela
improvement potential is identical on a percentage basis.

Enrollment data enables geographic prioritization. Counties with concentrated
enrollment in a small number of plans present efficient targets for intervention, 
changing one or two plan policies affects a large beneficiary population. Countie
fragmented enrollment across many plans require more distributed efforts.

Monthly Medicare Advantage Part D

Enrollment by Contract Plan State

County



Enrollment trends over time reveal competitive dynamics. Plans gaining market 
may be more receptive to differentiation through innovative formulary positioni
while declining plans face urgent pressure to demonstrate value through cost
containment.

The limitation is that enrollment counts do not constitute direct attribution of
beneficiaries to prescribers. A county-level enrollment number combined with
prescriber practice locations enables estimation of overlap, but beneficiaries may
prescribers outside their county of residence and attribution probabilities must 
modeled rather than observed. More sophisticated analysis requires weighting
prescribers by estimated plan exposure based on geographic overlap and specialt
specific care-seeking patterns.

This national summary dataset reports total spending, claim counts, beneficiary
counts, and average cost per claim for each drug molecule and dosage form. The
spending data released in 2024 provides the most recent comprehensive view. W
lacking geographic or prescriber detail, the spending file serves essential
prioritization and benchmarking functions.

The file identifies which molecules drive national cost growth. In recent years, G
receptor agonists like semaglutide have shown explosive spending increases as
indications expanded and demand surged. Biologics for oncology and autoimmu
conditions consistently occupy top spending positions. The spending file allows
targeting of high-impact molecules where even modest adoption improvements
translate to substantial savings. A five percentage point increase in biosimilar m
share for a molecule with two billion dollars in annual Medicare spending yields
hundred million dollars in potential savings, dwarfing the impact of similar gain
lower-spending drugs.

The file provides baseline growth trends for scenario modeling. If national spend
on a reference biologic declined by twenty percent in the year following biosimil
availability, that observed pattern informs projections for newly launched biosim

Part D Spending by Drug



The average cost per claim serves as a benchmark for savings calculations, thoug
actual savings depend on the magnitude of rebates which remain proprietary.

Limitations are straightforward. National aggregates obscure geographic variatio
and prescriber heterogeneity that drive targeting decisions. The file cannot supp
prescriber-level interventions on its own. It serves best as a prioritization layer a
more granular datasets.

The annual ACO performance files report financial and quality outcomes for
organizations participating in the Medicare Shared Savings Program. Critically, 
files include lists of participating providers identified by National Provider Iden
The 2024 release reports performance year 2023 results and shows which NPIs w
attributed to each ACO.

The ACO files enable overlaying prescriber opportunity maps with organization
incentive structures. ACOs operating under shared savings arrangements retain 
portion of Medicare spending reductions achieved while meeting quality benchm
Drug costs represent a substantial component of total cost of care, and biosimila
adoption that maintains outcomes while reducing spending directly contributes 
shared savings bonuses. An ACO-attributed prescriber who underutilizes biosim
is not merely a clinical outlier but a financial liability to the organization.

This alignment creates natural partnership opportunities. Rather than approach
individual prescribers, outreach can target ACO leadership with organizational-
opportunity summaries. ACO pharmacy or population health teams can then dep
internal change management processes. The combination of financial incentives 
existing organizational infrastructure substantially increases intervention likelih
compared to unsolicited outreach to independent prescribers.

Limitations include annual rather than monthly refresh cycles, making attributi
data stale within months as providers join or leave ACO networks. Attribution it

Medicare Shared Savings Program ACO
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complex, with beneficiaries assigned based on utilization patterns that may not r
where prescribing decisions actually occur for specialty drugs. Not all prescribe
practice within ACO structures, limiting the technique's reach. Nevertheless, wh
ACO attribution exists, it represents valuable targeting signal.

Additional CMS files provide contextual enrichment. The Geographic Variation
Public Use Files offer county-level baseline spending and utilization patterns us
for risk adjustment. The Physician and Supplier Public Use File reports Part B
utilization including J-code infusion drugs relevant for biosimilars delivered in
medical offices rather than pharmacies. Provider enrollment files supply practic
location and specialty detail for National Provider Identifiers.

The decisive advantage of the CMS data ecosystem is linkability. National Provid
Identifiers appear in prescriber files, ACO files, and Part B utilization files. Con
and plan identification codes appear in formulary files and enrollment files. Fede
Information Processing Standards county codes appear in enrollment files and
geographic variation files. Drug names can be normalized to RxNorm concept un
identifiers or Anatomical Therapeutic Chemical classification codes. With
appropriate crosswalks and normalization processes, disparate files can be joine
a unified analytical database supporting queries at the prescriber by plan by dru
county intersection.

This linkage capability is what transforms scattered public files into a strategic a
It enables the question: For prescriber X who practices in county Y and treats pa
primarily enrolled in plans A, B, and C, what is the current biosimilar adoption 
for drug class D, how does it compare to specialty peers in similar markets, what
formulary friction do those plans create, how many beneficiaries would be affect
improvement, and what is the dollarized savings opportunity? Answering that
question requires joining prescriber behavior data, formulary policy data, enroll
distribution data, and spending benchmarks. CMS provides all components pub
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With data sources established, we can construct the analytical framework that
converts raw files into actionable intelligence. The framework encompasses five
components: prescriber adoption curves, propensity modeling, formulary frictio
indices, scenario forecasting, and ACO integration. Each component addresses a
specific decision-making need.

The starting point is descriptive characterization of prescriber behavior followin
biosimilar launches. For each molecule with available biosimilars, calculate for e
prescriber the proportion of claims that are biosimilar versus reference biologic
biosimilar share metric can be tracked longitudinally to construct adoption curv
showing how behavior evolved over time since biosimilar availability.

Prescribers can be classified into adoption segments. Early adopters achieve high
biosimilar share within the first year following launch. Mainstream adopters sho
gradual increases over subsequent years. Laggards exhibit low but slowly growin
uptake. Non-adopters maintain near-zero biosimilar prescribing despite years of
availability. These segments can be defined through clustering methods or simpl
quartile cutoffs, though the specific boundaries matter less than the relative ran

Peer benchmarking adds critical context. A rheumatologist with twenty percent
biosimilar share may be an outlier in one county but typical in another with diffe
market dynamics. Calculate z-scores by comparing each prescriber's biosimilar s
to the mean and standard deviation among prescribers in the same specialty and
county. Prescribers with z-scores below negative one standard deviation represen
high-opportunity targets, particularly if they have high claim volumes.

The utility of adoption curves lies in identifying not just low adopters but also th
magnitude of gap to close. A prescriber at ten percent biosimilar share in a mark
where peers average seventy percent represents a different intervention scenario

Analytical Framework: Biosimilar and
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a prescriber at fifty percent in a market averaging sixty percent. The former sugg
fundamental resistance requiring intensive education or formulary leverage, whi
latter suggests minor optimization. Targeting resources toward the former gener
greater returns.

Adoption curves also reveal temporal patterns. If biosimilar share increases rapi
the first six months post-launch then plateaus, interventions may need to target
prescribers early in the product lifecycle. If adoption continues steadily over mu
years, ongoing outreach maintains value. These patterns vary by therapeutic area
some specialties showing rapid adoption and others displaying extended lag peri

While adoption curves describe past behavior, propensity models predict future
responsiveness to interventions. The goal is to estimate, for each prescriber, the
probability of increasing biosimilar adoption if subjected to specific nudges such
educational outreach, formulary changes, or peer comparison feedback.

Model construction begins with defining the target outcome. For a binary
classification model, the outcome might be whether a prescriber increased biosim
share by at least ten percentage points in the year following a formulary change 
outreach campaign. For a continuous model, the outcome could be the magnitud
share increase. Training data comes from historical episodes where intervention
occurred and subsequent prescribing can be observed in the Prescriber file.

Features fall into several categories. Prescriber characteristics include specialty,
subspecialty if available, years in practice estimated from first Medicare billing d
practice size proxied by total claim volume, and academic affiliation inferred fro
hospital affiliations. Behavioral features capture historical adoption patterns for
generics or biosimilars, demonstrating general openness to therapeutic substitut
Geographic features encode county-level characteristics like urbanicity, median
income, and prevalence of low-income subsidy beneficiaries. Plan mix features
estimate the distribution of a prescriber's patients across plans based on county-
enrollment shares weighted by specialty-specific utilization patterns.

Propensity Modeling



Model architectures can range from interpretable logistic regression to complex
gradient boosting machines. For a commercial product, gradient boosting typica
offers superior predictive accuracy, while logistic regression provides more
transparency for explaining results to plan pharmacy directors. Ensemble approa
can balance these objectives by using gradient boosting for prediction while
maintaining a parallel logistic model for coefficient interpretation.

The output is a propensity score for each prescriber, typically scaled from zero t
or as a percentile rank. High-propensity prescribers are most likely to respond t
intervention, making them priority targets when resources are limited. Low-
propensity prescribers may require different tactics or may be deprioritized in fa
of more receptive targets.

Validation is critical. Back-testing using hold-out time periods or geographic reg
ensures the model generalizes beyond training data. Calibration metrics assess
whether predicted probabilities match observed outcomes. For example, among
prescribers given an eighty percent propensity score, approximately eighty perce
should subsequently increase adoption.

Propensity modeling transforms prescriber targeting from intuition-based to da
driven. Rather than sending educational materials to all prescribers in a class, pl
can prioritize the top twenty percent by propensity score, concentrating resourc
where they will generate the greatest behavioral change per dollar spent.

Plans exert control primarily through formulary design decisions. The formulary
friction index quantifies how plan policies facilitate or impede biosimilar adopti
relative to reference biologics. The index combines multiple dimensions into a s
score enabling cross-plan comparisons and intervention scenario modeling.

The first dimension is relative tier placement. If a biosimilar occupies a lower tie
than the reference biologic, it creates positive incentives for adoption through lo
patient cost-sharing. Equal tier placement maintains neutrality. Higher tier plac

Formulary Friction Index



for the biosimilar creates negative incentives, signaling the plan prefers the refe
product despite presumably higher costs. Tier differences can be scored numeric
for example plus two points if the biosimilar is two tiers lower, zero if equal, min
two if two tiers higher.

The second dimension captures utilization management restrictions. Prior
authorization requirements add friction by forcing prescribers to justify the cho
and patients to delay therapy pending approval. Step therapy requirements mand
trial of the biosimilar before allowing the reference product add friction in the
opposite direction, though this is rare. Quantity limits may apply asymmetrically
Each restriction type can be scored, with higher UM requirements increasing th
friction index.

The third dimension considers pharmacy network breadth and mail-order availa
Restricting the biosimilar to a narrow network or excluding it from mail-order
channels creates access friction even if tier placement is favorable. Network scor
could reflect the proportion of in-county pharmacies carrying the product or the
percentage of beneficiaries living within specified proximity to an in-network
pharmacy.

These dimensions are combined through weighted aggregation. The weights can
empirically derived by regressing observed adoption rates on the individual frict
components, revealing which factors most strongly predict uptake. Alternatively
expert judgment can assign weights based on clinical feedback about which barr
most discourage prescribing.

The resulting friction index enables several analyses. Within a county, plans can 
ranked from lowest to highest friction, revealing competitive positioning. Plans w
unusually high friction relative to competitors may be leaving money on the tabl
their net costs favor the biosimilar. Longitudinal tracking shows whether a plan'
policy changes increased or decreased friction over time. Most powerfully, the fr
index feeds into scenario models by quantifying the policy changes required to
achieve specific adoption goals.



Scenario forecasting integrates prescriber propensity and formulary friction to
simulate the financial impact of specific interventions. The core question is: If p
makes policy change Y in county Z, how much will biosimilar adoption increase 
what will it save?

The modeling starts with a baseline adoption rate for the targeted prescriber-pla
county-drug combination. This comes from the Prescriber file, weighted by estim
plan exposure from enrollment data. The baseline establishes the current state b
intervention.

Next, define the intervention. This could be a formulary policy change such as m
the biosimilar from tier three to tier two, or a prescriber outreach campaign targ
high-propensity, low-adoption NPIs, or both simultaneously. Each intervention t
has an estimated effect size derived from historical episodes or academic literatu
For example, moving a drug down one tier might increase adoption by eight to tw
percentage points based on prior natural experiments in the data.

The intervention effect size is then modulated by prescriber propensity and curr
adoption level. High-propensity prescribers respond more strongly to the same
intervention. Prescribers already at high adoption have less room for improveme
effect sizes should be scaled by the gap to maximum feasible adoption.

Aggregate the prescriber-level predicted changes weighted by estimated benefic
exposure to produce a county-plan-drug level adoption forecast. Translate the
adoption increase into claim shift estimates by multiplying the forecasted biosim
claim increase by the price differential between reference and biosimilar. Apply
appropriate time horizons, recognizing that adoption changes may take months t
fully materialize.

Generate uncertainty bounds using Monte Carlo methods. Sample from distribu
for key parameters like intervention effect sizes, propensity score accuracy, and
baseline adoption estimates. Thousands of simulation runs produce a distributio
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potential outcomes, enabling reporting of median savings estimates with confide
intervals.

Scenario forecasting moves the platform beyond descriptive analytics into decisi
support. Pharmacy directors can compare multiple intervention options side by 
evaluating the expected return on investment for different policy changes or out
strategies. The quantified savings projections make business cases compelling an
measurable, facilitating executive approval and creating accountability for result

The final analytical component overlays prescriber opportunity maps with ACO
organizational structures and financial incentives. The goal is to identify prescri
embedded in accountable care organizations that face strong motivation to impr
biosimilar adoption and to provide organization-level rather than individual-leve
targeting.

Start by matching National Provider Identifiers from the Prescriber file to ACO
attribution lists from the ACO Performance file. This identifies which prescribe
practice within ACOs and which ACOs they belong to. Aggregate prescriber-lev
biosimilar adoption metrics to the ACO level, calculating organization-wide
biosimilar shares and identifying which ACO members are underperformers dra
down organizational averages.

Incorporate ACO financial performance data. ACOs that missed shared savings i
recent years face pressure to find cost reduction opportunities. ACOs that achiev
shared savings but are near threshold margins see incremental drug savings as
potentially decisive. ACOs with favorable revenue-to-benchmark ratios may be l
motivated.

Prioritize ACOs based on the combination of opportunity size and financial ince
alignment. An ACO with fifty high-volume prescribers exhibiting low biosimilar
adoption and narrow miss on shared savings represents a high-value target. An A
with few prescribers or already strong performance represents lower priority.

ACO Integration



Deliver organization-level reports rather than individual prescriber outreach. Th
report quantifies the ACO's gap to regional benchmarks, estimates the dollarize
impact of closing the gap, and identifies specific prescribers who would benefit f
educational support. This approach respects organizational hierarchy and levera
existing ACO quality improvement infrastructure rather than requiring direct p
to-prescriber engagement.

ACO integration is particularly powerful for integrated delivery networks and
physician groups already managing Medicare Advantage risk. These organization
have both the financial incentive from shared savings arrangements and the inte
mechanisms to drive practice change. External intelligence that quantifies the
opportunity and identifies specific levers accelerates action.

Translating the analytical framework into a deployable product requires robust
technical architecture. The system must ingest diverse CMS data sources on vary
cadences, harmonize formats and identifiers, execute analytical models, and deliv
insights through accessible interfaces. The architecture can be decomposed into
layers: ingest, normalization, engines, delivery, and governance.

The ingest layer automates retrieval of CMS data files as they are published. CM
releases data through multiple channels including API endpoints, file transfer
protocol sites, and web portals. The ingestion system monitors these sources and
new files when available.

For the Part D Prescriber file, annual releases in spring require downloading the
dataset, typically several gigabytes in compressed format. For monthly enrollmen
files, delta processing can reduce transfer volumes by identifying and ingesting o
updated records. Formulary files published quarterly require both new and upda
plan-drug combinations.

Product Architecture and Data Pipeline
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Ingestion jobs should be idempotent, allowing safe re-execution if failures occur
should be validated against published schemas to detect corruption or format
changes. Metadata should be captured including file publication dates, row coun
and data vintage to enable audit trails.

Storage for raw files can use object storage services with lifecycle policies archiv
older versions to lower-cost tiers. This preserves historical data for longitudinal
analysis while controlling costs.

Raw CMS files arrive with inconsistent drug naming conventions, occasional Nat
Provider Identifier duplicates, varying geographic identifiers, and other irregula
requiring cleanup. The normalization layer transforms raw data into analysis-rea
formats.

Drug name standardization is critical. CMS files may report branded names, gen
names, or mixtures thereof. Mapping to RxNorm concept unique identifiers enab
consistent aggregation across sources. For biosimilars, additional mapping to pa
molecules is necessary to identify all products competing within a class. Anatom
Therapeutic Chemical classification codes provide therapeutic groupings useful 
cross-class comparisons.

National Provider Identifier processing requires deduplication where multiple
records exist for the same NPI due to changes in practice location or specialty.
Enrichment from the National Plan and Provider Enumeration System adds prac
location latitude and longitude, taxonomy codes defining specialty, and organiza
affiliations.

Contract and plan identifiers must be harmonized between formulary and enroll
files. Occasionally contracts split or merge, requiring crosswalk tables to mainta
longitudinal consistency. Plan names should be standardized as CMS reports the
inconsistently across files.

Normalization Layer



Geographic identifiers need conversion to Federal Information Processing Stand
county codes for consistent joining. State-county combinations should be validat
against official FIPS tables to catch data entry errors.

The output of normalization is a set of cleaned, standardized tables ready for
analytical processing, stored in a relational database or modern data warehouse
optimized for analytical queries.

The analytical engines implement the models described in the analytical framew
section, transforming normalized data into insights.

The Attribution Engine estimates the distribution of each prescriber's patients a
plans. Given prescriber practice location from the National Plan and Provider
Enumeration System, county-level plan enrollment shares from the monthly
enrollment file, and specialty-specific care-seeking patterns from academic litera
or inferred from aggregate utilization, the engine assigns probabilistic weights. 
example, a rheumatologist in County A where Plan X enrolls forty percent of
beneficiaries is estimated to treat forty percent Plan X members, adjusted for ne
participation if that data is available.

The Propensity Engine trains and scores switching propensity models. Training
occurs on historical data, estimating relationships between prescriber characteri
and subsequent adoption behavior. Scoring applies the trained model to current
prescribers, generating propensity percentiles. Model retraining occurs semi-an
as new Prescriber file vintages become available, allowing incorporation of recen
behavioral trends.

The Friction Index Engine calculates formulary friction scores for each plan-dru
combination based on tier placement, utilization management flags, and network
characteristics from the formulary files. Weighting by enrollment produces plan
and county-level average friction indices.

Analytical Engines



The Scenario Engine accepts intervention definitions as inputs, such as tier chan
outreach campaigns. It applies effect size assumptions modulated by prescriber
propensity and baseline adoption, aggregates impacts across prescribers, and
translates adoption changes into financial savings using reference-to-biosimilar 
differentials. Monte Carlo simulation generates uncertainty bounds.

The Routing Engine rank-orders prescribers by expected savings per unit of outr
effort. Effort could be measured as field representative time, direct mail cost, or 
relevant metrics. The ranking considers dollar opportunity size, intervention
responsiveness from propensity scores, and practical constraints like geographic
clustering for field visits.

Engines should be modular with well-defined interfaces, allowing independent t
and iteration. Processing should be automated on regular schedules aligned with
upstream data refresh cycles.

The delivery layer exposes analytical outputs to end users through multiple inter

The Dashboard provides an interactive web application for plan pharmacy teams
broker organizations, and ACO quality directors. Users can filter by geography, 
molecule, and prescriber characteristics. Visualizations include heatmaps showi
county-level opportunity density, prescriber scatterplots showing adoption versu
propensity, and time-series charts tracking adoption trends. Scenario planning t
allow users to define interventions and immediately see projected impact.

The API exposes programmatic access for customers integrating the platform in
existing care management systems, field force automation tools, or executive rep
dashboards. RESTful endpoints support queries for prescriber target lists,
opportunity summaries, and savings forecasts. Webhook subscriptions allow
customers to receive notifications when new high-value targets are identified or 
adoption trends shift significantly.

Delivery Layer



The Playbook Generator produces automated PDF reports summarizing opportu
and recommendations for specific contexts. A plan pharmacy director might rece
quarterly report highlighting the top twenty prescriber targets in their network 
talking points for educational outreach. An ACO chief medical officer might rec
an annual summary comparing their organization's biosimilar adoption to region
peers with specific improvement recommendations.

All delivery mechanisms should respect role-based access controls, ensuring use
only the data relevant to their plans, counties, or provider networks. Audit logs
capture user access for compliance and security purposes.

The governance layer ensures legal, regulatory, and ethical compliance. Since CM
public use files do not contain protected health information, the baseline platfor
operates entirely on non-PHI data. This substantially simplifies compliance relat
solutions ingesting claims or clinical data.

However, customers may wish to contribute additional data to enhance targeting
as member-level prior authorization denials, medical loss ratio calculations, or q
measure scores. When customer-provided PHI is ingested, it must be isolated in
compliant enclave with business associate agreements, access controls, encryptio
and audit logging meeting HIPAA Security Rule standards.

Data minimization principles should guide design. Only collect customer data w
materially improves analytical value. Aggregate customer data to remove individ
identifiability wherever feasible. Clearly delineate which analyses use only publi
CMS data versus which incorporate customer PHI.

Regular security assessments, penetration testing, and vulnerability scanning sho
be performed on the platform infrastructure. Incident response procedures shou
documented and tested. Data retention policies should specify how long raw and
derived data are stored and when they are purged.

Governance Layer



Transparency reporting can differentiate the platform from proprietary PBM
analytics. Publish methodology documentation explaining how models are traine
what assumptions drive scenarios, and what limitations exist. This builds trust w
customers and aligns with the open-data ethos underlying the business model.

The technical platform requires a viable commercial model to sustain operations
scale. Target customers, pricing mechanisms, distribution channels, and compet
positioning must all be carefully designed.

The primary customers are organizations with direct financial exposure to Part D
drug costs and operational ability to influence prescriber behavior or formulary
policy.

Medicare Advantage plans represent the largest opportunity. These risk-bearing
organizations manage both medical and pharmacy benefits for enrolled populati
Drug costs directly impact their medical loss ratios and profitability. They emplo
pharmacy directors, medical directors, and provider network teams capable of ac
on platform insights. The largest fifty MA plans cover more than thirty million
beneficiaries, representing substantial revenue potential at even modest per-mem
pricing.

Standalone Part D prescription drug plans face similar dynamics but with smalle
enrollment bases and narrower benefit scope. Approximately twelve million
beneficiaries enroll in standalone PDPs separate from MA plans. These sponsors
have less sophisticated internal analytics capabilities, creating opportunity for
external intelligence platforms.

Pharmacy benefit managers serve as intermediaries managing drug benefits for
multiple plan sponsors. PBMs maintain internal analytics, but transparency pres

Business Model and Go-to-Market

Strategy

Target Customers



and sponsor demands for independent verification create demand for third-party
platforms built on public data. White-label arrangements where the PBM resells
platform to its clients represent a distribution multiplier.

Accountable care organizations and integrated delivery networks under shared
savings arrangements or full-risk Medicare Advantage contracts face direct finan
incentives to reduce drug costs. ACOs participating in the Medicare Shared Savi
Program alone represent more than ten million attributed beneficiaries. IDNs w
employed physician groups and owned health plans have even stronger alignmen
These organizations often lack specialized pharmacy analytics capabilities, creat
services opportunities beyond pure SaaS.

Three pricing models can be deployed individually or in combination.

The SaaS subscription model charges an annual or monthly fee scaled by covered
Tiered pricing might be set at one to two dollars per member per year for basic
platform access, three to five dollars for advanced features like scenario modelin
ACO integration, and five to ten dollars for white-label or embedded deploymen
with API access. This provides predictable recurring revenue and aligns pricing 
customer value as enrollment grows.

Savings-based contracts tie compensation directly to avoided drug costs. The pla
tracks baseline spending for targeted molecules and measures subsequent chang
attributing savings through difference-in-differences methods with control grou
The vendor receives a percentage of validated savings, typically ten to twenty-fiv
percent. This model requires more sophisticated measurement infrastructure bu
aligns incentives strongly and can generate substantially higher revenue when
interventions succeed. It also provides compelling proof of value for initial custo

Advisory services layer consulting engagements atop platform insights. A plan se
to redesign its entire biosimilar formulary strategy might purchase a six-figure
consulting project leveraging the platform for analysis. An ACO implementing

Monetization Models



organization-wide biosimilar adoption initiatives might contract for change
management support. These higher-margin engagements deepen customer
relationships and provide revenue while the platform scales.

The optimal approach likely combines elements. Initial sales might emphasize
savings-based pilots to prove value with minimal customer risk. Once validated,
transition to SaaS subscriptions for predictable revenue while offering advisory
upsells for strategic projects.

Multiple paths to market should be pursued in parallel.

Direct sales to plan executives represent the most straightforward approach. Tar
chief medical officers, pharmacy directors, and vice presidents of network
management at large MA plans and PBMs. The value proposition is clear: quant
savings opportunities with prescriber-level targeting backed by transparent pub
data. Sales cycles will be long, six to eighteen months for enterprise deals, requir
sustained executive engagement and pilots demonstrating ROI.

PBM partnerships offer distribution leverage. A PBM managing benefits for doz
plan sponsors can embed the platform across its entire book of business. White-
arrangements where the PBM rebrand the platform create channel incentives wh
preserving vendor economics through volume pricing.

Broker and field organization relationships provide grassroots distribution. Med
insurance brokers and general agents maintain relationships with beneficiaries a
small plans. Field sales representatives at MA plans need targeting tools for prov
outreach. Offering broker editions or mobile applications for field teams creates
adoption pathways complementary to enterprise sales.

Integration into population health platforms and value-based care enablement
software embeds the platform in existing workflows. Many vendors serve ACOs a
risk-bearing providers with care management, quality measurement, and financi

Distribution Channels



analytics tools but lack pharmacy-specific intelligence. Partnerships or APIs ena
embedded deployment expand reach without requiring direct customer acquisit

Understanding the competitive environment clarifies differentiation requiremen

Pharmacy benefit managers represent the incumbent analytics providers. Firms 
CVS Caremark, Express Scripts, and OptumRx maintain sophisticated internal
platforms analyzing claims, formulary performance, and prescriber behavior.
However, their analytics often remain opaque to plan sponsors, aggregated to pro
proprietary methods, and potentially influenced by manufacturer rebate
considerations. The platform differentiates through transparency, public data
foundation, and independence from rebate economics.

Healthcare consulting firms including advisory practices at major accounting fir
and specialized pharmacy consultancies deliver drug spend analyses. These
engagements typically produce static reports rather than living dashboards, lack
prescriber-level granularity due to data access constraints, and charge premium
professional services rates. The platform offers continuously updated intelligenc
lower total cost.

Health plans' internal analytics teams perform similar analyses using their own c
data. However, most plans lack access to competitor formularies, cross-plan
prescriber benchmarking, and predictive models trained on national datasets. Th
platform provides external perspective and comparative intelligence impossible 
generate internally.

Specialized pharmacy analytics vendors serve niche needs such as specialty phar
optimization or prior authorization management but do not focus specifically on
biosimilar adoption and switching opportunities at the prescriber level using pu
data. The platform occupies a distinct positioning at the intersection of prescrib
targeting, formulary optimization, and CMS public data operationalization.

Competitive Landscape



The key differentiators are prescriber-level transparency derived from public da
continuous updating as new CMS files release, and scenario simulation capabilit
enabling proactive decision support. These advantages are defensible because th
require sustained investment in data engineering, model development, and produ
design that incumbents have not prioritized given their focus on proprietary dat
sources.

Building the complete platform vision requires staged development. The minimu
viable product should validate core hypotheses with constrained scope, enabling
iteration based on early customer feedback.

The initial build focuses on demonstrating the analytics work and generate actio
value with minimal development investment.

Scope three molecules representing different therapeutic areas and market dyna
Adalimumab biosimilars in rheumatology and gastroenterology show mature ma
with multiple biosimilars available. Ranibizumab biosimilars in ophthalmology
represent a therapeutic area where office-based administration creates different
adoption dynamics. Semaglutide as a GLP-1 agonist represents a high-growth, h
cost molecule where therapeutic alternatives rather than biosimilars drive switch
opportunities.

Target ten counties selected for high Medicare Advantage enrollment, geograph
diversity, and representation of urban and rural markets. Choose five plans with
substantial market share in these counties, ensuring a mix of national and region
payers.

Build the core data pipeline ingesting the most recent Part D Prescriber file, cur
quarter formulary files, and latest monthly enrollment file. Implement normaliza

MVP Specification and Roadmap

Phase One: Proof of Concept (Eight to

Ten Weeks)



for drug names, National Provider Identifiers, and county codes sufficient for th
scoped molecules and markets.

Develop prescriber adoption metrics calculating biosimilar shares and z-scores
relative to specialty peers for the selected molecules and counties. Create formu
friction indices for the five target plans. Estimate savings opportunities by comb
prescriber gaps, plan enrollment, and reference-to-biosimilar price differentials

Deliver outputs through simple dashboards showing prescriber target lists rank
opportunity size, plan friction comparisons, and county-level heatmaps. Provide
spreadsheet exports for customer manipulation.

Validate the approach by back-testing against two historical formulary changes w
plans modified tier placement or utilization management for biosimilars in prior
years. Compare predicted adoption changes to observed changes in subsequent
Prescriber file vintages. Calibration within reasonable error bounds provides evi
the models have predictive validity.

Secure a pilot customer, ideally a mid-sized regional Medicare Advantage plan w
to test new analytics approaches. Deliver monthly target lists for provider outrea
campaigns and track adoption trends to build case studies for broader sales effo

With proof of concept validated, expand scope to national coverage and deeper
functionality.

Extend to fifteen molecules covering the highest-spending biologics and specialt
drugs in Part D. Incorporate Part B biosimilars by integrating the Physician and
Supplier Public Use File for J-code utilization, enabling analysis of office-
administered biosimilars in oncology and rheumatology.

Expand geographic coverage to all counties and all major plans, creating a
comprehensive national atlas of biosimilar adoption opportunities. This requires

Phase Two: National Expansion (Twelve

Months)



scaling data processing infrastructure to handle the full Prescriber file with mill
of NPI-drug records and formulary files covering thousands of plan-drug
combinations.

Develop propensity models using historical data to predict prescriber responsive
Train models on prescribers who were exposed to formulary changes or outreach
campaigns in past years, learning which characteristics predict adoption increas
Apply models to current prescribers to generate propensity scores.

Build scenario simulation capabilities allowing users to define interventions and
receive forecasted impacts with uncertainty bounds. Implement Monte Carlo en
sampling from parameter distributions to quantify confidence intervals.

Add GLP-1 specific analytics addressing adherence patterns, therapeutic sequen
and cost-effectiveness comparisons across the class. These molecules drive explo
cost growth, and even modest improvements in adherence or use of lower-cost
alternatives generate substantial savings.

Create broker and field representative tools including mobile applications show
prescriber targets with practice information, peer comparisons, and talking poin
educational detailing. Equip the customer's field teams with intelligence enablin
high-value conversations.

Recruit additional customers across Medicare Advantage plans, standalone PDP
PBMs. Aim for ten paying customers covering five to ten million combined lives
validating revenue model assumptions and generating reference accounts.

The mature platform extends beyond Medicare into adjacent markets and deepe
capabilities.

Phase Three: Diversification and Platfo

Expansion (Eighteen to Twenty-Four

Months)



Launch commercial payer and Medicaid editions. While CMS public data covers
Medicare, similar analyses can be performed using all-payer claims databases, st
Medicaid transparency files, and proprietary data partnerships. Commercial pay
face the same biosimilar adoption challenges at even larger scale given the size o
under-65 insured population.

Develop partnerships with life sciences companies seeking competitive intellige
formulary positioning, prescriber adoption patterns, and market access dynamic
Pharmaceutical manufacturers and biosimilar developers would pay for strategic
insights into how their products are positioned relative to competitors and wher
adoption barriers exist.

Expand the platform into comprehensive formulary optimization beyond just
biosimilars. Analyze therapeutic class competition, generic dispensing rates, spe
pharmacy network efficiency, and medication adherence across the entire drug
portfolio. This positions the product as a general-purpose pharmacy intelligence
platform rather than a point solution.

Build predictive capabilities forecasting future cost trends based on pipeline dru
nearing approval, patent cliffs approaching, and utilization trajectory models. Th
creates strategic planning value for payers developing multi-year cost manageme
roadmaps.

Establish the platform as essential infrastructure for payer pharmacy operations
achieving market penetration across the majority of large Medicare Advantage p
and substantial presence in commercial and Medicaid markets.

No business model is without risks. Understanding potential obstacles and mitig
strategies is essential for realistic planning.

Risks, Challenges, and Compliance

Data Latency and Timeliness



The Part D Prescriber file lags one year between service delivery and publication
Analysis of 2023 prescribing appears in April 2025. Interventions based on that 
address patterns that may have already shifted. High-performing prescribers may
regressed while laggards may have improved through other interventions.

Mitigation strategies include supplementing annual Prescriber files with more
frequently updated datasets. Quarterly formulary files show policy changes that
predict adoption shifts before they appear in prescribing data. Monthly enrollme
files reveal market share movements creating new intervention priorities. Custom
can contribute near-real-time claims feeds under business associate agreements,
combining CMS public data for benchmarking with proprietary data for current
assessment. The public data provides context and competitive intelligence even w
not perfectly current.

CMS suppresses small cells to protect beneficiary privacy, masking prescriber-d
combinations with fewer than eleven claims or eleven beneficiaries. Low-volume
prescribers and rare drugs have incomplete data. Newly launched biosimilars sh
high suppression rates in initial years before volumes build.

Mitigation involves aggregating to higher levels when necessary. If individual
prescriber data are suppressed, aggregate to specialty-county averages. If specifi
molecules are suppressed, aggregate to therapeutic classes. Model-based imputa
can estimate suppressed values using observed patterns from similar prescribers
drugs, though this introduces assumptions requiring careful documentation.
Acknowledge gaps transparently rather than claiming false precision.

Attributing beneficiaries to prescribers requires inference since CMS enrollmen
report plan membership at the county level without linking specific patients to
specific providers. The attribution engine estimates exposure through geographi
overlap and specialty patterns, but errors accumulate.

Suppression and Data Gaps

Attribution Challenges



Mitigation requires robust quasi-experimental methods for causal inference. Us
difference-in-differences designs comparing targeted prescribers to control grou
matched on specialty, geography, baseline adoption, and patient volume. Contro
counties with similar characteristics but no interventions provide counterfactua
baselines. Regression discontinuity designs can be employed where formulary ch
affect some beneficiaries but not others based on plan enrollment. Present result
with confidence intervals reflecting attribution uncertainty. Validate attribution
models against customers' internal data where business associate agreements all
data sharing.

Prescriber panels vary in patient clinical complexity, socioeconomic characterist
and benefit design exposure. A prescriber treating predominantly dual-eligible
beneficiaries faces different dynamics than one serving affluent retirees. Low-inc
subsidy beneficiaries have different cost-sharing structures. Medigap supplemen
coverage blunts tier-based incentives.

Mitigation strategies include risk adjustment using available proxies. County-lev
dual-eligible and low-income subsidy penetration rates from CMS enrollment fil
provide socioeconomic controls. Geographic variation files offer baseline utilizat
and spending patterns indicating market health status. Specialty serves as a clini
complexity proxy, with oncologists and nephrologists treating sicker populations
primary care physicians. Incorporate these features into propensity models and
scenario forecasts, though individual-level risk adjustment remains impossible
without patient-level data.

The platform's foundation in public CMS data avoids most HIPAA concerns sinc
public use files contain no protected health information. However, customers ma

Population Heterogeneity

Regulatory and Compliance

Requirements



wish to contribute member-level data to enhance targeting precision. Any ingest
customer-provided PHI triggers HIPAA Business Associate requirements.

Mitigation demands strict architectural separation. Maintain the core platform a
non-PHI environment processing only public data. When customers contribute P
isolate it in a compliant enclave with dedicated storage, access controls, encrypti
rest and in transit, audit logging, and business associate agreements. Perform on
minimum necessary processing in the PHI enclave, exporting de-identified or
aggregated results back to the main platform. Regular security assessments,
penetration testing, and compliance audits verify ongoing adherence. Staff traini
HIPAA requirements and incident response procedures ensures operational
compliance.

Consider pursuing HITRUST certification to provide independent validation of
security controls, easing customer procurement processes. Maintain comprehens
documentation of data flows, processing logic, and privacy protections for custo
security reviews.

Predictive models produce estimates with inherent uncertainty. Scenario forecas
depend on assumptions about intervention effect sizes and prescriber responsive
Attribution methods introduce error. Presenting point estimates as certainties c
risk of underdelivering.

Mitigation requires transparent communication of limitations and uncertainty
quantification. Always present savings projections as ranges with confidence int
rather than single numbers. Document assumptions explicitly and provide sensit
analyses showing how results change under alternative scenarios. Acknowledge w
the models cannot do, such as predicting individual prescriber responses with
certainty or accounting for external factors like manufacturer programs. Under-
promise and over-deliver by being conservative in projections and aggressive in

Overpromising and Expectation

Management



execution support. Build credibility through validated case studies showing actu
outcomes from previous interventions matched real results.

The biosimilar and drug-switching intelligence platform represents more than a
single product. It exemplifies broader strategic principles relevant to health
technology entrepreneurship in an era of open government data and value-based

Conventional wisdom holds that proprietary data creates competitive advantages
healthcare, claims data, electronic health records, and laboratory results are gua
assets. Yet this perspective overlooks how public data, properly operationalized,
form a defensible foundation.

CMS public use files are available to anyone, but raw data files are not products.
value lies in harmonization across datasets, normalization of inconsistent identifi
development of predictive models, construction of user interfaces, and integratio
into customer workflows. These capabilities require sustained engineering
investment, domain expertise, and iterative refinement based on customer feedb
Once built, the platform benefits from data network effects as more customers
contribute validation data and usage patterns that improve models.

Competitors seeking to replicate the platform face the same data accessibility bu
must duplicate the engineering and product development investment. This creat
defensible position despite the underlying data being public. The implication fo
health tech entrepreneurs is that transparency and open data are not obstacles b
opportunities when combined with sophisticated analytics and thoughtful produ
design.

Strategic Implications for Health

Technology

Public Data as a Moat

Transparency as Differentiation



The healthcare industry suffers from opacity in pricing, quality, and utilization.
Pharmacy benefit managers exemplify this dynamic, with rebate structures and
formulary decisions often obscured from plan sponsors. This opacity creates dem
for transparent alternatives.

A platform built on public CMS data inherently offers transparency. Customers 
verify analyses by accessing the same source data. Methods can be published and
audited. Competitive benchmarking becomes possible because all plans' formula
designs are public. This transparency builds trust and aligns with policy trends
toward price disclosure and surprise billing prevention.

Health tech companies should consider whether transparency can be a feature ra
than a constraint. In markets where incumbents maintain information asymmetr
new entrants offering openness can capture share even with less sophisticated
capabilities initially.

The platform advances CMS policy priorities around biosimilar adoption and dr
cost containment. This alignment creates regulatory tailwinds rather than headw
CMS may promote the platform through Innovation Center initiatives, value-bas
payment models, or plan quality ratings that reward biosimilar utilization.

Entrepreneurs should assess whether proposed businesses align with or oppose p
directions. Alignment enables partnerships with government agencies, qualificat
for grants or contracts, and favorable treatment in regulations. Opposition risks
adverse policy changes that undermine the business model.

Biosimilar adoption, generic substitution, and high-cost drug management clear
align with bipartisan policy goals. This makes the platform strategy robust to po
transitions, unlike businesses dependent on specific coverage expansions or paym
policies that shift with administrations.

Policy Alignment and Tailwinds



Health tech platforms are often evaluated on user engagement, data integrations
AI sophistication. These are inputs. The ultimate metric is whether the platform
changes operational behavior and delivers measurable outcomes.

The biosimilar platform succeeds only if prescribers actually increase adoption,
formulary policies actually change, and drug spending actually decreases. This
requires more than analytics. It demands actionable outputs delivered in workflo
where decisions occur, change management support, and measurement infrastru
proving impact.

Entrepreneurs should design for operational integration from inception. Who m
decisions? What information do they need? When and how do they access it? Wh
organizational processes must change? How will success be measured? Products
answering these questions drive adoption; products treating healthcare as a pure
information problem often fail despite technical excellence.

Medicare Part D drug spending poses an urgent financial challenge to payers,
policymakers, and the Medicare trust fund. Biosimilars and high-cost drug
alternatives represent the most promising levers for cost containment, yet adopt
remains uneven and suboptimal. Traditional payer strategies using formulary de
and utilization management have proven necessary but insufficient due to their
inability to target specific prescribers, quantify formulary friction, or simulate
intervention impacts.

The Centers for Medicare and Medicaid Services has assembled an extraordinary
public data ecosystem through its Open Data initiative. The Part D Prescriber fi
formulary reference files, monthly enrollment reports, drug spending summaries
ACO performance results provide the raw materials for sophisticated analytics. T
datasets are linkable through standard identifiers, enabling analysis at the presc

Operational Impact as the Ultimate

Metric

Conclusion



by plan by drug by county intersection where operational and strategic decisions
occur.

This essay has proposed building an intelligence platform that harmonizes these
public datasets into a comprehensive system for identifying biosimilar adoption
opportunities, scoring prescriber propensity for switching, quantifying formular
friction, simulating intervention scenarios, and prioritizing outreach efforts. Th
platform architecture spans data ingestion, normalization, analytical engines, an
multiple delivery mechanisms from dashboards to APIs to automated playbooks

The business model targets Medicare Advantage plans, Part D sponsors, pharma
benefit managers, and accountable care organizations through a combination of 
subscriptions, savings-based contracts, and advisory services. Distribution chann
include direct sales, PBM partnerships, broker relationships, and embedded
integrations. The competitive differentiation rests on prescriber-level transparen
public data foundation, continuous updating, and simulation capabilities unavai
from incumbent analytics providers.

An MVP focusing on three molecules across ten counties and five plans can valid
the approach within eight to ten weeks. Expansion to national coverage, addition
molecules, Part B biosimilars, and propensity modeling follows over twelve mon
Diversification into commercial and Medicaid markets, life sciences partnership
comprehensive formulary optimization extends the platform over eighteen to tw
four months.

Risks including data latency, suppression, attribution challenges, population
heterogeneity, regulatory compliance, and expectation management require care
mitigation through supplementary data sources, robust quasi-experimental meth
transparent uncertainty quantification, and strict architectural separation of pub
and proprietary data.

The strategic implications extend beyond a single product. This platform
demonstrates that public government data can form the foundation for defensib
valuable health technology businesses. Transparency becomes differentiation in



opaque markets. Policy alignment creates tailwinds rather than obstacles. Opera
impact, measured through actual behavioral change and financial outcomes,
represents the ultimate success metric.

Drug spending is the fulcrum on which Medicare sustainability balances. CMS h
provided the data. The opportunity is to build the intelligence platform that
translates transparency into action and policy goals into measurable savings. Thi
not merely an analytical exercise but a blueprint for an enduring enterprise that
creates business value while advancing public health objectives. The time to bui
now.​​​​​​​​​​​​​​​​
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